Abstract The city of Jeddah (Saudi Arabia) has experienced two catastrophic flash flood events in 2009 and 2011. These flood events had catastrophic effect on human lives and livelihoods around the wadi Muraikh, wadi Qus, wadi Methweb, and wadi Ghulail in which 113 people were dead and with 10,000 houses and 17,000 vehicles were damaged. Thus, a comprehensive flood management is required. The flood management requires information on different aspects such as the hydrological, geotechnical, environmental, social, and economic aspects of flooding. Flood susceptibility mapping for any area helps the decision makers to understand the flood trends and can aid in appropriate planning and flood prevention. In this study, two models were used for the generation of flood susceptibility maps for the Jeddah region. The first model includes bivariate probability analysis (frequency ratio), and the second model uses the multivariate analysis. For the multivariate model, the acquired weights of the FR model were entered into the logistic regression model to evaluate the correlation between flood occurrence and each related factor. This integration will overcome some of the weakness of the logistic regression, and the performance the LR will be enhanced. A flood inventory map was prepared with a total of 127 flood locations. These flood locations were extracted from different sources including field investigation and high-resolution satellite image (IKONOS 1 m). These flood locations were randomly split into two groups, one dataset representing 70 % was used for training the models, and the remaining 30 % was used for models validation. Various independent flood-related factors such as slope, elevation, curvature, geology, landuse, soil drain, and distance from streams were included. The impact of each independent flood-related factors on flooding was evaluated by analyzing each independent factor with the historical flood inventory data. The training and validation datasets were used to evaluate the flood susceptibility maps using the success and the prediction rate methods. The results of the accuracy assessment showed a success rate of 90.4 and 91.6 % and a prediction rate of 89.6 and 91.3 % for FR and ensemble FR and LR models, respectively. In addition, a comparison has been made between real flood events in 2009 and the resultant susceptibility maps. Hence, it is concluded that the FR and ensemble Fr and LR models can provide an acceptable accuracy in the prediction of flood susceptibility in the Saudi Arabia. Our findings indicated that these flood susceptibility maps can assist planners, decision makers, and other agencies to deal with the flood management and planning in the area.
Introduction
Flash floods are generated when precipitation saturates the drainage capacity of the basin slopes, causing impoundment of the drainage network, and resulting in exceptionally high discharge at the basin outlets (Youssef et al. 2009a ). The rapid urban growth coupled with climate change in recent years has led to many environmental problems and increased risks of natural disasters (Kjeldsen 2010) , including flooding and associated losses of human lives and property (Zwenzner and Voigt 2009) . The occurrence of the flood disaster is expected to be raised due to unplanned expansion of urbanization (Tehrany et al. 2015) . Flooding is one of the most costly disasters in terms of both property damage and human casualties (Alexander 1993) . Most of the floods have an impact on people as the fear from the consequences exceeds the actual impacts (Green and Penning-Rowsell 1989) . Hassan (2000) mentioned that frequent flash floods have seriously affected the highway and human activities along the coastal plains of the Red Sea. Numerous other studies on the flood hazards have been reported in different areas such as ; Youssef and Hegab (2005) . Flash floods are a major threat to human life and infrastructures such as urban areas, roads, and railways. The damage that can occur due to such disasters leads to huge economic cost, and consequently, floods can bring pathogens into urban environments and cause microbial development and diseases (Taylor et al. 2011; Dawod et al. 2012) . Floods lead to human injury or death, and prevention of such events is preferable to compensation of damages. Regmi et al. (2013) indicated that in natural hazard-related research, huge databases are often needed. Youssef et al. (2009a) indicated that different natural factors such as hydrological and meteorological characteristics, soil types, geological structures, geomorphology, and vegetation are the most influential contributors to flooding. Human activities such as increasing the impervious materials (roads and buildings) as well cutting trees can accelerate flooding. Billa et al. (2006) indicated that flood control and prevention measures are urgently needed which will help in decreasing and minimize the tremendous and irreversible potential damages to agriculture, transportation, bridges, and urban infrastructure. Early warnings and emergency responses to floods are required (Feng and Wang 2011) so that governments and agencies can prevent as much damage as possible. However, measuring the benefits of flood reduction is difficult because they are not tangible and require a long time to be shown (Yi et al. 2010 ). In contrast, damage can be calculated both qualitatively and quantitatively (De Moel and Aerts 2011) . Liu and De Smedt (2005) indicated that different new insights in the hydrological research can determine and mitigate flooding using geographic information system (GIS), digital soil-type maps, topography, and landuse/land cover data. Over the last two decades, remotely sensed data (active and passive sensors) have been used effectively for monitoring and analyzing different types of phenomena and hazards (Mason et al. 2010; Elbialy et al. 2013; Pradhan et al. 2014; Youssef et al. 2009b Youssef et al. , 2013 Youssef et al. , 2014a Youssef et al. , b, c, 2015 Youssef 2015) . Typically, studies of hazards require multitemporal datasets in order to identify spatial changes and the process of hazard occurrence (Martinez and Le Toan 2007) . Bubeck et al. (2012) indicated that mapping of the flood-prone areas is an essential step in flood risk management. In addition to that, GIS represents a useful tool to investigate the flooding events. There are different types of approaches to study the flood hazard assessment. Many authors used GIS techniques in flood mapping (Chau et al. 2005; Mukerji et al. 2009 ). Other recently developed methods that were used to identify areas at risk of flooding (flood susceptibility) including qualitative and quantitative techniques such as multicriteria evaluation (Matori 2012) , artificial neural networks (ANNs) (Campolo et al. 2003; Kia et al. 2012) , frequency ratio (Lee et al. 2012) , analytical hierarchy process (AHP) (Rozos et al. 2011) , decision tree (DT) (Tehrany et al. 2013) , logistic regression (Pradhan 2010a) , adaptive neurofuzzy interface system (ANFIS) (Mukerji et al. 2009 ). Kourgialas and Karatzas (2011) indicated that the flood susceptibility map will manage any future flood problems. Tehrany et al. (2013 Tehrany et al. ( , 2014a reviewed the advantages and disadvantages of these statistical models. If large numbers of variables are used, the modeling process is time-consuming. Lee et al. (2012) applied individual bivariate probability models to map flood-susceptible areas in Busan, South Korea. A drawback of this method is that it considered the relationship between flood occurrence and each independent separately, while not considering the relationships among all the independent layers themselves. Pradhan (2010a) utilized multivariate logistic regression to examine the relations between a dependent variable and several independent variables to produce a susceptibility zonation map of Kelantan, Malaysia. He noted that logistic regression had several advantages: The variables can be either continuous or discrete, and they do not necessarily have to have normal distributions. Although the results of that study showed the efficiency of logistic regression, the impacts of classes of each variable were not considered. Accordingly, bivariate probability and logistic regression are both popular methods of statistical analysis for susceptibility mapping. Mostly, they are used individually, as either can produce a model of susceptibility. Tehrany et al. (2013) combined these methods for flood susceptibility analysis in tropical region of Kelantan, Malaysia.
Prediction of flooding can be highly effective in preventing properties damage and life loss. Through scientific methods, flood-susceptible areas can be detected. The use of bivariate statistics (frequency ratio) and multivariate statistics (ensemble FR and LR) models in flood susceptibility mapping has not been explored in flood mapping in Saudi Arabia. The main objective of the current study is to apply flood susceptibility assessment using two statistical approaches of bivariate probability (FR) and logistic regression models (ensemble FR and LR) and to examine their relative efficiency and reliability for flood susceptibility analysis in an arid region (wadis Muraikh, Qus, Asheer, Methweb, and Ghulail in the Jeddah area, Saudi Arabia). This study also aims to determine optimized conditioning factors in flood susceptibility mapping through GIS analysis.
Study area Location
The study area includes five wadis, covering 219 km 2 between latitudes 21°24 0 06 00 and 21°33 0 47 00 N and longitudes 39°14 0 35 00 and 39°28 0 24 00 E, named wadi Muraikh, wadi Qus, wadi Asheer, wadi Methweb, and wad Ghulail (Fig. 1) . The study area receives flash flood water from the foothills through natural drainage channels of these wadis which are located in the eastern part. In the years of 2009 and 2011, these wadis were flooded causing the most damages. The morphometric characteristics of these five wadis in the study area are shown in Table 1 . The altitudes of the study range between 30 m and 275 m above mean sea level. According to the meteorological data of the Jeddah area, the average annual precipitation is 52.5 mm/ year, the maximum rainfall is 284 mm in 1996, and the minimum rainfall is zero mm. Most of the rainfalls are infrequent and occur as intense thunderstorms from November to April.
Geomorphology and geological setting
Geomorphologically, the study area is situated toward the east of the Red Sea coastal plain which is characterized by the presence of hills and pediments. It includes different landforms such as small and mid-size low-laying rounded hills (elevation ranges from few tens of meters in the west to a few hundred meters in the east side) and flattened foothills (covered by alluvium deposits). The general sloping trend is toward the Jeddah metropolitan area which is located to the west of the study area (Fig. 2) . The area is dissected by many streams (wadis) that transport the runoff water toward the Jeddah urban areas (coastal plain areas). Most of the flattened foothills include urban areas and roads, thus increasing the impervious cover and accordingly the runoff increased dramatically.
Geologically, two units were detected, including the Neoproterozoic basement complex (oldest) and the Holocene sediments (youngest) (Qari 2009 ). Most of the hills and pediments are characterized by the Neoproterozoic basement rocks which are consisted of volcanic rocks (andesite and dacite) and intrusive rocks (diorite and granite), whereas the Holocene sediments cover the flattened areas between the hills (wadis), including alluvium and aeolian deposits (Moore and Al-Rehaili 1989) .
Causes and consequences of flash flood events in the study area Flash floods can be caused according to various factors. Rainstorm events, geomorphological conditions of the area, and anthropogenic activities were considered to be the main causative factors causing these flood events along the study area. In the years of 2009 and 2011, two rainstorm events were happened in Jeddah area with a rainfall of 70 mm and 111 m in 3 h for each event, respectively. These events caused catastrophic floods. Most of the damages were occurred along the areas that located after the mouths of the narrow parts of the wadis. In addition to that, man-made earth dykes that were established by private peoples to collect waters for irrigation and agricultural activities were considered to have a big influence in increasing the damage force of the flash floods along the study area. These earth dykes collected a huge amount of waters at the rainstorm events of 2009 and 2011, accordingly the water pressure increased on these dykes, and finally, they broke down causing a big problem. Other anthropogenic factor includes uncontrolled urban distributions along the flat areas between the hilly part causing increment of runoff water and floods. According to the governmental records, many buildings, cars, lightweight trucks, highways, and roads were damaged and 113 persons were died due the flood events of 2009 and 2011. No warning system was established in the area before these flood events, and for that reason, large number of losses and damages were occurred.
Urban areas impacted by flash floods
Mapping the urban changes has fundamental impacts on the flash flood hazards in any area. In the current work, the diachronic changes of the urban areas were determined. The expansion of the Jeddah city toward the east was due to the increase in the population in the old Jeddah city. However, the new expansions lead to establishment of new residences and infrastructure works in the areas that are prone to flash floods. To create the urban changes in the study area, different steps were applied which includes: (1) 
Data, methodology, inventory map, and conditioning factors Data used
In the current study, different datasets were used as shown in Table 2 . The spatial database was constructed by Fig. 1 a Location of the study area in relation to Saudi Arabia map, b location of the study area in relation to Jeddah city incorporating relevant remote-sensing datasets. A geographic information system (GIS) was used to generate, compile, and host the datasets for data interpretation and analysis. First, datasets using different types of satellite imageries including thematic mapper (TM) for 1990 (30-m spatial resolution) enhanced thematic mapper plus (ETM ? ) for 2005 (30-m spatial resolution) and IKONOS images for 2008 and 2009 (1-m spatial resolution). These datasets were used for mapping of changes in urban areas and delineation of landuse and soil drain areas. Second, datasets were used in the current study that includes the geological map which was extracted from the Makkah quadrangle sheet GM-107c of 1985 (scale 1: 250,000). The geological map of the study area is used to determine rock units. Third, datasets include a digital elevation model (DEM) which was used for extracting slope, elevation, curvature, and streams of the study area. Fourth, datasets used in the current work are related to several field investigations. The multiple field investigation has been carried out during and after the flood events of 2009 and 2011 to help in collecting real data to test and validate the flood susceptibility models. A unified projection (UTMZone 37, WGS84 datum) was used for all the GIS and remote-sensing-derived datasets.
Methodology

Bivariate statistical analysis (frequency ratio)
It is common to assume that flood occurrence is determined by flood-related factors, and that future flood areas will occur under the same conditions as past floods (Tehrany et al. 2013 (Tehrany et al. , 2014a . Using this assumption, the relationship between flood occurring in an area and the flood- related factors can be distinguished from the relationship between flood not occurring in an area and the flood-related factors. Lee and Pradhan (2007) , Yilmaz (2009 ), Pradhan (2010b , and Pradhan and Lee (2010a) indicated that the ratio of the probability of the presence to the absence of any occurrence, such as a flood or landslide, can be used for flood or landslide susceptibility assessment. To build a probability model, it is assumed that the hazard occurrence can be determined based on its related factors and that future problems will happen under the same conditions as past events (Akgun et al. 2012) . The bivariate probability for each independent variable was measured by the variable's relationship with flood occurrence. The greater the bivariate probability, the stronger the relationship between flood occurrence and the flood-related factors (Lee and Talib 2005; Lee and Pradhan 2007; Pradhan and Lee 2010b) . Bivariate probability was performed (frequency ratio) which is a quantitative relationship between flood occurrences and different related parameters. The frequency ratio is defined in Eq. (1). By using the frequency ratio model, the spatial relationships between flood occurrence and related factors contributing to flood occurrence were derived.
where W ij is the frequency ratio of class i of parameter j; FL ij is the frequency of observed flood in class i of parameter j; and FN ij is the frequency of non-observed flood in class i of parameter j. Therefore, the greater the ratio above unity, the stronger the relationship between flood occurrence and the given factor's class attribute, and the lower the ratio below unity, the lesser the relationship between flood occurrence and the given factor's class attribute (Tehrany et al. 2014a, b) . The calculated frequency ratios are given in Table 3 .
To calculate the flood susceptibility index (FSI), each factor's frequency ratio values were summed (Lee and Min 2001; Lee and Pradhan 2006; Youssef et al. 2014a ). In the current study, the FSI was determined by sum of each factor's frequency ratio as expressed in Eq. (2).
where FSI, flood susceptibility index; W ij , weight of class i in parameter j; and n, number of parameters.
Multivariate statistical analysis (logistic regression model)
Logistic regression (LR) is a popular multivariate statistical analysis method that allows for examination of the multivariate regression relationship between a dependent variable and several independent variables (Pradhan and Lee 2010b) . Logistic regression was created to measure the probability of a disaster in an area using a specific formula generated using the independent variables (Eq. 3). One of the requirements of this method is dependent data consisting of values of 0 and 1, which indicates the absence and existence of disasters, respectively. Here, the dependent and reclassified independent variables derived by bivariate probability were converted from raster to ASCII format, which is required in SPSS. In the current study, Dai and Lee (2002) approach in which there is equal proportion of floods and non-flood areas was applied. For the ensemble of FR and LR, the weight values of the FR were normalized in the range of 0 and 1. Flood-related factors were classified based on these normalized values. Finally, they entered into the LR model to get the ensemble FR and LR model. The coefficients are measured and listed in Table 3 . The higher the logistic coefficient, the greater the expected impact on flooding occurrence. Using the derived logistic coefficients, the probability (p) of flood occurrence was calculated as in Eq. (3).
where p is the probability of an event occurring. In this situation, the value p is the estimated probability of flood occurrence. The probability varies from 0 to 1 on an Sshaped curve, and z is the linear combination. It follows that logistic regression involves fitting Eq. (4).
where b 0 is the intercept of the model, b i (i = 0, 1, 2, …, n) represents the coefficients of the logistic regression model, and x i (i = 0, 1, 2, …, n) denotes the independent variables (Lee and Sambath 2006) .
Flood inventory map
Flooded areas were identified, and an inventory map containing 127 flooded areas was generated over the whole study area through field investigation and the examination of high-resolution satellite image with one meter pixel size before and after floods. During the change analysis, IKO-NOS image of 2008 was used as reference when no floods had happened, and IKONOS image of 2009 was taken after the flood scenario of November 2009. Based on the literature review, 70 % of the flooded locations were used randomly to prepare the model which called training dataset in order to assess the spatial distribution of flooding (Pradhan 2010a) . The rest of the locations 30 % (validation data) were used for validating the model. Figure 4 shows an inventory map of flooded locations of the study areas in the Jeddah region.
Flood conditioning parameters
Conditioning parameters are needed as independent variables to produce of flood susceptibility mapping (Liu and De Smedt 2005) . These parameters can contribute to the occurrence of flooding in a specific area (Tehrany et al. 2014a, b) . There are many relevant independent parameters that can be used and analyzed in modeling. However, the model will be comprehensive and will require lots of information, which can be challenging to acquire. Sanyal and Lu (2004) mentioned that it is important to determine which variables can be eliminated without harming the model's precision. Recently, Campolo et al. (2003) aimed to produce models that use the minimum number of independent factors, which give high accurate model results. The independent data should be measurable, and there should be a conjunction between the independent and dependent data. Ayalew and Yamagishi (2005) indicated that the independent data should be collected from the whole study area, while it should not represent uniform spatial information. Furthermore, its effect should not lead to two types of outcome at the end of the process. These conditioning parameters can be in nominal, ordinal, interval, or ratio scale format (Park et al. 2013 ). Many factors may be influential in flood occurrence for a specific area, while the same factors may not be effective for other environments. No exact agreement exists on which parameters should be used in flood susceptibility assessments (Tehrany et al. 2014a, b) . Numerous researchers used some of these factors according to their importance and vital role in flood studies. Skilodimou et al. (2003) mentioned that the anthropogenic factors including urban areas, road network, and landuses should be taken into consideration in flood susceptibility assessment which are related to flood events. Different factors were used in the current work, which are selected according to different literature (Pradhan 2010a; Kia et al. 2012; Lee et al. 2012; Tehrany et al. 2014a, b) . The data were collected and compiled into spatial databases using ArcGIS 10.2 software. The independent parameters consisted of slope, elevation, curvature, geology, landuse, soil drain, and distance from streams. Each variable was resized to be presented by a 5 9 5 m grid, and the grid of the study area covers about 219 km 2 . The quantile method was used to classify each independent variable. In the quantile classification method, each class contains the same number of features. This method is used by several authors due to its efficiency in classification (Papadopoulou-Vrynioti et al. 2013; Tehrany et al. 2014a, b; Youssef et al. 2014a, b, c; Umar et al. 2014 ). In the current study, different layers/factors were classified into various classes based on the above-mentioned literature review.
1. In the slope (0°-67.03°) and elevation (63-275 m) maps, ten categories were constructed for each analysis (Fig. 5a, b ). 2. In the curvature map, three classes were considered: convex, flat, and concave (Fig. 5c ). 3. In the geology map, three geological classes were used: intrusive, volcanic, and sedimentary (Fig. 5d ). 4. The map of the four landuse groups [Barren areas (Rock), urban in valley, urban on hill areas, and Barren areas (soil)] as shown in Fig. 5e . 5. Figure 5f presents the soil drain map (poorly drain soils and well and very well-drained soils). 6. In the case of the distance from streams map, four buffer categories (10, 50, 100, and 100 m) were compiled using the buffer tool in ArcGIS 10.2 software. The approach of drainage system delineation for the catchments was obtained from the digital elevation model (DEM) (5-m resolution) derived from the 2-m DEM developed by King Abdulaziz City for Science and Technology and data created from the light detection and ranging (LiDAR). All the network drainages of wadi Muraikh, wadi Qus, wadi Asheer, wadi Methweb, and wadi Ghulail were extracted using the watershed modeling systems (WMS 8.1) (Fig. 5g) .
Results and discussion
Application of frequency ratio (FR)
The spatial relationship and the frequency ratio values between flood locations and flood conditioning factors are shown in Table 3 . By applying the frequency ratio model, it was found that the lower slopes (close to zero degree) have higher FR value of 2.25, followed by class 0°-4.46°( 0.73), whereas other slope classes have a FR lower than 0.6. Lower slopes that close to zero are expected to have higher weight values of FR. Elevation class of 36-63 m has a highest frequency ratio value (1.98), whereas class of 176-275 m has lowest frequency ratio (0.00). Results showed that the FR values for elevation classes have a general trend that increased for the lower elevation. For the curvature factor, flat areas have higher FR with values of 1.74, whereas the convex and concave classes have the lowest FR value of 0.29 and 0.13, respectively. As for the geological factors, the FR value was 1.78 in sedimentary rocks and 0.46 in the volcanic rocks, followed by a value of 0.28 for intrusive rocks. The reason for increasing the frequency ratio in sedimentary rocks is related to the presence of these sediments in the wadis (alluvial deposits). For the landuse factor, Barren areas (soil) have higher FR with values of 2.57, followed by urban in valleys with a FR ratio of 1.46, then urban on hilly areas with a FR value of 0.36, followed by Barren areas (rocks) with a FR value of 0.03. For the soil drain factor, the well-drained soil class has higher FR with value of 1.96 and the poor-drained soil class has a FR value of 0.32. The higher the FR for the well drain soil indicated that these well drain soil along the wadis. In terms of distance from streams, distances between 0 and 10 m have highest FR with values of 14.8, whereas distance from stream class greater than 100 m has a FR of 0.32. Rating layers for the different flood-related factors are constructed based on the frequency ratio values. The resulting FSI map is depicted in Fig. 6a . The FSI values vary from 1.06 to 27.08. The flood susceptibility value represents the relative susceptibility to flood occurrence. So the greater the frequency ratio value, the higher the susceptibility to flood occurrence and the lower the value, the lower the susceptibility to flood occurrence. The FSI map was classified according to quantile classifier method into five different flood susceptibility zones, as shown in Fig. 6a .
Application of logistic regression (LR) model
In this study, the input data for the logistic regression model for predicting flood susceptibility are prepared. Logistic regression was performed using independent factors that were reclassified and weighted based on the bivariate probability (frequency ratio). Using the logistic regression model, the spatial relationship between flood occurrence and flood-related factor floods was assessed. The correlations between flood and each factor were calculated. In this analysis, the ''continuous data'' such as slope, elevation, curvature, geology, landuse, soil drain, and distance from streams were treated as ''ordinal'' in SPSS. The logistic regression coefficient for each thematic layer was computed and is shown in Table 3 and Eq. (5), where each of the continuous thematic layers has only single coefficient values.
Hosmer-Lemeshow test showed that the goodness of fit of the equation can be accepted because the significance of Chi-square is larger than 0.05. The value of Cox and Snell (R 2 ) and Nagelkerke (R 2 ) showed that the independent variables can explain the dependent variables. In the current study, the FSI was determined according to Eq. (5). The resulting FSI map is depicted in Fig. 6b . The FSI values range from 0.5257 to 0.995. The flood susceptibility value represents the relative susceptibility to flood occurrence. So the greater the FSI, the higher the susceptibility to flooding occurrence and the lower the value, the lower the susceptibility to flooding occurrence.
Model validation
The prediction accuracy and quality of the developed model are examined here. The model was validated by comparing the acquired flood probability map with existing flood data Tien Bui et al. 2012; Pourghasemi et al. 2012) . Specifically, the results were quantitatively examined using the receiver operating characteristic (ROC) curve, in which the basis of the assessment is the true-and false-positive rates (Chauhan et al. 2010) . To examine the reliability and efficiency of the flood probability map, both the success rate and prediction rate curve were calculated. The training flooded datasets were used to generate the flood model, but could not be used to assess the prediction capability of the model. In Environ Earth Sci (2016) 75:12 Page 11 of 16 12
general, the prediction rate shows how well the model could predict flooding in a given area (Tien Bui et al. 2012) . This can show the predictive capability of a model (Maier and Dandy 2000; Pourghasemi et al. 2012) , in that the area under the prediction rate curves (AUC) can measure the prediction accuracy qualitatively (Pradhan and Lee 2010c) . The success rate result was obtained using the training dataset, which used 70 % of the inventory flood locations (89 flood locations). The success rate curves are presented in Fig. 7a . The model produced a value of 0.904 which represents 90.4 % and 0.916 which represents 91.6 % for the area under the curve (AUC), success accuracy for the LR and FR. The prediction accuracy was calculated using the validating datasets for the 30 % of the flooded areas (38 flood locations) that were not used in the training process. The AUC values varied from 0.5 to 1.0. The value of 1.0 represented the highest accuracy, showing that the model was completely capable of predicting disaster occurrence without any bias (Pradhan et al. 2010 ). Thus, AUC values close to 1.0 are considered to show that a model is precise and reliable (Tien Bui et al. 2012 ). The prediction curve is shown in Fig. 7b . The model produced the AUC value of 0.896 which represents 89.6 % and 0.913 which represents 91.3 % for the area under the curve (AUC), prediction accuracy for the LR and FR. Moreover, another way was provided in order to test the performance of the used methods according to the field data that represent the flood events happened in 2009. The comparison shows good matches between the areas were flooded in the 2009, along wadi Muraikh, wadi Qus, wadi Asheer, wadi Methweb, and wadi Ghulail of the study area, and the products of the model. Finally, it can be seen that the high susceptible zones are mostly located along the wadis and the western parts of the catchments. A large part of the catchments were classified as very low, low, and moderate susceptible zones using the applied models.
Conclusion
Flood susceptibility mapping is one of the first steps in overall flood management program and has been adopted by many countries. Many authors used various methods for this purpose. Prediction of flooding can be highly useful in preventing the overall damage and loss due to a flood. Through scientific analysis of floods, flood-susceptible areas can be detected and thus flood damages can be decreased. The aim of this work was to investigate the application of FR and ensemble FR and LR models (bivariate and multivariate statistical analysis) in detection of flood-prone regions in wadis Muraikh, Qus, Methweb, and Ghulail in the Jeddah area, Saudi Arabia. Consequently, two flood susceptibility maps were constructed. The frequency ratio and ensemble FR and LR models were applied using independent factors that were reclassified and weighted based on the bivariate probability, in order to produce a more precise flood susceptibility map of the study area. The flood inventory map, which represented 127 locations that were flooded in 2009 and 2011, was used for the statistical analysis. Among all the flood events, 89 cases were used to build the model. The remaining 38 flooded locations were used to validate the developed model. Seven independent variables were used as independent data. These consisted of slope, elevation, curvature, geology, landuse, soil drain, and distance from streams. Initially, all the independent variables were resized to a 5 9 5 m grid. The grid of the study area covers about 219 km 2 . As a next step, each variable was classified using the quantile method, and the bivariate probability was used to evaluate the relationship of each class with flood occurrence. To assign the weights that were derived using bivariate probability, each independent variable was reclassified and normalized to be used in logistic regression multivariate statistical analysis. The logistic regression coefficients were calculated in SPSS V.22 software, and the probability index was then calculated. Finally, a flood susceptibility map of the study area was constructed by classifying the probability index into five classes: very low, low, medium, high, and very high susceptibility. AUC method was used to examine the efficiency of the proposed method. In order to evaluate and compare these models, the receiver operating characteristics (ROC) were used. The success rate and the prediction rate were measured with values of 91.6 and 91.3 %, and 90.4 and 89.3 % for both bivariate probability (FR) and multivariate probability (ensemble FR and LR), respectively. Results showed that the FR model produced better fits to the training and validating data compared to the ensemble FR and LR model. However, the ensemble FR and LR model was enhanced the using of LR model. Result revealed that the slope is the most significant factor in flood generation followed by landuse, elevation, soil drain, geology, distance from streams, whereas the curvature has the lowest significance. The current study indicated that FR and ensemble FR and LR models are more applicable in flood susceptibility mapping in Saudi Arabia. Their results are acceptable, and the process of the analysis is understandable. Having precise and reliable flood susceptibility maps can decrease the costs and damages if uncontrolled urban areas extend to cover the flood-prone areas. They can be used as an efficient method to produce flood susceptibility map in GIS platform. The current generated maps can be used as the basis of further research in hazard mapping, hydrological studies, and disaster management. Moreover, it can aid the planners, decision makers, and governments engaged in flood management and planning in the study area and to take proper actions in order to control and mitigate this flood phenomenon in the study area. Furthermore, the produced maps can be used to prevent excessive urbanization in susceptible flood-prone areas to reduce the potential damage caused by floods.
